Speech disfluencies are one of the main challenges of spoken language processing. Conventional disfluency detection systems deploy a hard decision, which can have a negative influence on subsequent applications such as machine translation. In this paper we suggest a novel approach in which disfluency detection is integrated into the translation process.
Introduction
Disfluencies arise due to the spontaneous nature of speech. There has been a great deal of effort to detect disfluent words, remove them (Johnson and Charniak, 2004; Fitzgerald et al., 2009 ) and use the cleaned text for subsequent applications such as machine translation (MT) (Wang et al., 2010; Cho et al., 2013) .
One potential drawback of conventional approaches is that the decision whether a token is a disfluency or not is a hard decision. For an MT system, this can pose a severe problem if the removed token was not in fact a disfluency and should have been kept for the correct translation. Therefore, we pass the decision whether a word is part of a disfluency or not on to the translation system, so that we can use the additional knowledge available in the translation system to make a more reliable decision. In order to limit the complexity, the search space is pruned prior to decoding and represented in a word lattice.
Related Work
Disfluencies in spontaneous speech have been studied from various points of view. In the noisy channel model (Honal and Schultz, 2003) , it is assumed that clean text without any disfluencies has passed through a noisy channel. The clean string is retrieved based on language model (LM) scores and five additional models. Another noisy channel approach involves a phrase-level statistical MT system, where noisy tokens are translated into clean tokens (Maskey et al., 2006) . A tree adjoining grammar is combined with this noisy channel model in (Johnson and Charniak, 2004) , using a syntactic parser to build an LM. Fitzgerald et al. (2009) present a method to detect speech disfluencies using a conditional random field (CRF) with lexical, LM, and parser information features. While previous work has been limited to the postprocessing step of the automatic speech recogition (ASR) system, further approaches (Wang et al., 2010; Cho et al., 2013) use extended CRF features or additional models to clean manual speech transcripts and use them as input for an MT system. While ASR systems use lattices to encode hypotheses, lattices have been used for MT systems with various purposes. Herrmann et al. (2013) use lattices to encode different reordering variants. Lattices have also been used as a segmentation tactic for compound words (Dyer, 2009) , where the segmentation is encoded as input in the lattice.
One of the differences between our work and previous work is that we integrate the disfluency removal into an MT system. Our work is not limited to the preprocessing step of MT, instead we use the translation model to detect and remove disfluencies. Contrary to other systems where detection is limited on manual transcripts only, our sys-tem shows translation performance improvements on the ASR output as well.
Tight Integration using Lattices
In this chapter, we explain how the disfluency removal is integrated into the MT process.
Model
The conventional translation of texts from spontaneous speech can be formulated aŝ e = arg max e p(e| arg max
where f c denotes the clean string
for the disfluency decision class c of each token.
Thus, using the conventional models, disfluency removal is applied to the original, potentially noisy string in order to obtain the cleaned string first. This clean string is then translated. The potential drawback of a conventional speech translation system is caused by the rough estimation in Equation 1, as disfluency removal does not depend on maximizing the translation quality itself. For example, we can consider the sentence Use what you build, build what you use. Due to its repetitive pattern in words and structure, the first clause is often detected as a disfluency using automatic means. To avoid this, we can change the scheme how the clean string is chosen as follows:ê
This way a clean string which maximizes the translation quality is chosen. Thus, no instant decision is made whether a token is a disfluency or not. Instead, the disfluency probability of the token will be passed on to the MT process, using the log linear combination of the probabilities as shown in Equation 5.
In this work, we use a CRF (Lafferty et al., 2001) model to obtain the disfluency probability of each token.
Since there are two possible classes for each token, the number of possible clean sentences is exponential with regard to the sentence length. Thus, we restrict the search space by representing only the most probable clean source sentences in a word lattice.
CRF Model Training
In order to build the CRF model, we used the open source toolkit CRF++ (Kudoh, 2007) . As unigram features, we use lexical and LM features adopted from Fitzgerald et al. (2009) , and additional semantics-based features discussed in (Cho et al., 2013) . In addition to the unigram features, we also use a bigram feature to model first-order dependencies between labels.
We train the CRF with four classes; FL for filler words, RC for (rough) copy, NC for non-copy and 0 for clean tokens. The class FL includes obvious filler words (e.g. uh, uhm) as well as other discourse markers (e.g. you know, well in English). The RC class covers identical or roughly similar repetitions as well as lexically different words with the same meaning. The NC class represents the case where the speaker changes what to speak about or reformulates the sentence and restarts the speech fragments. The disfluency probability P d of each token is calculated as the sum of probabilities of each class.
Lattice Implementation
We construct a word lattice which encodes longrange reordering variants (Rottmann and Vogel, 2007; Niehues and Kolss, 2009 ). For translation we extend this so that potentially disfluent words can be skipped. A reordering lattice of the example sentence Das sind die Vorteile, die sie uh die sie haben. (En.gls: These are the advantages, that you uh that you have.) is shown in Figure 1 , where words representing a disfluency are marked in bold letters. In this sentence, the part die sie uh was manually annotated as a disfluency, due to repetition and usage of a filler word. Table 1 shows the P d obtained from the CRF model for each token. As expected, the words die sie uh obtain a high P d from the CRF model.
In order to provide an option to avoid translating a disfluent word, a new edge which skips the word is introduced into the lattice when the word has a higher P d than a threshold θ. During decoding the importance of this newly introduced edge is optimized by weights based on the disfluency proba- Table 1 : Disfluency probability of each word bility and transition probability. The extended lattice for the given sentence with θ = 0.5 is shown in Figure 2 , with alternative paths marked by a dotted line. The optimal value of θ was manually tuned on the development set.
System Description
The training data for our MT system consists of 1.76 million sentences of German-English parallel data. Parallel TED talks 1 are used as in-domain data and our translation models are adapted to the domain. Before training, we apply preprocessing such as text normalization, tokenization, and smartcasing. Additionally, German compound words are split.
To build the phrase table we use the Moses package (Koehn et al., 2007 ). An LM is trained on 462 million words in English using the SRILM Toolkit (Stolcke, 2002) . In order to extend source word context, we use a bilingual LM (Niehues et al., 2011) . We use an in-house decoder (Vogel, 2003) with minimum error rate training (Venugopal et al., 2005) for optimization.
For training and testing the CRF model, we use 61k annotated words of manual transcripts of uni-versity lectures in German. For tuning and testing the MT system, the same data is used along with its English reference translation. In order to make the best use of the data, we split it into three parts and perform three-fold cross validation. Therefore, the train/development data consists of around 40k words, or 2k sentences, while the test data consists of around 20k words, or 1k sentences.
Experiments
In order to compare the effect of the tight integration with other disfluency removal strategies, we conduct different experiments on manual transcripts as well as on the ASR output.
Manual Transcripts
As a baseline for manual transcripts, we use the whole uncleaned data for development and test. For "No uh", we remove the obvious filler words uh and uhm manually. In the CRF-hard experiment, the token is removed if the label output of the CRF model is a disfluency class. The fourth experiment uses the tight integration scheme, where new source paths which jump over the potentially noisy words are inserted based on the disfluency probabilities assigned by the CRF model. In the next experiments, this method is combined with other aforementioned approaches. First, we apply the tight integration scheme after we remove all obvious filler words. In the next experiment, we first remove all words whose P d is higher than 0.9 as early pruning and then apply the tight integration scheme. In a final experiment, we conduct an oracle experiment, where all words annotated as a disfluency are removed.
ASR Output
The same experiments are applied to the ASR output. Since the ASR output does not contain reliable punctuation marks, there is a mismatch between the training data of the CRF model, which is manual transcripts with all punctuation marks, and the test data. Thus, we insert punctuation marks and augment sentence boundaries in the ASR output using the monolingual translation system (Cho et al., 2012) . As the sentence boundaries differ from the reference translation, we use the Levenshtein minimum edit distance algorithm (Matusov et al., 2005) to align hypothesis for evaluation. No optimization is conducted, but the scaling factors obtained when using the correponding setup of manual transcripts are used for testing. Compared to the baseline where all disfluencies are kept, the translation quality is improved by 1.34 BLEU points for manual transcripts by simply removing all obvious filler words. When we take the output of the CRF as a hard decision, the performance is further improved by 0.46 BLEU points. When using the tight integration scheme, we improve the translation quality around 0.1 BLEU points compared to the CRF-hard decision. The performance is further improved by removing uh and uhm before applying the tight integration scheme. Finally the best score is achieved by using the early pruning coupled with the tight integration scheme. The translation score is 0.34 BLEU points higher than the CRF-hard decision. This score is only 0.03 BLEU points less than the oracle case, without all disfluencies.
Results
Experiments on the ASR output also showed a considerable improvement despite word errors and consequently decreased accuracy of the CRF detection. Compared to using only the CRF-hard decision, using the coupled approach improved the performance by 0.36 BLEU points, which is 1.0 BLEU point higher than the baseline.
System
Precision Recall CRF-hard 0.898 0.544 Pruning + Tight int.
0.937 0.521 Table 3 : Detection performance comparison Table 3 shows a comparison of the disfluency detection performance on word tokens. While recall is slightly worse for the coupled approach, precision is improved by 4% over the hard decision, indicating that the tight integration scheme decides more accurately. Since deletions made by a hard decision can not be recovered and losing a meaningful word on the source side can be very critical, we believe that precision is more important for this task. Consequently we retain more words on the source side with the tight integration scheme, but the numbers of word tokens on the translated target side are similar. The translation model is able to leave out unnecessary words during translation.
Conclusion
We presented a novel scheme to integrate disfluency removal into the MT process. Using this scheme, it is possible to consider disfluency probabilities during decoding and therefore to choose words which can lead to better translation performance. The disfluency probability of each token is obtained from a CRF model, and is encoded in the word lattice. Additional edges are added in the word lattice, to bypass the words potentially representing speech disfluencies. We achieve the best performance using the tight integration method coupled with early pruning. This method yields an improvement of 2.1 BLEU points for manual transcripts and 1.0 BLEU point improvement over the baseline for ASR output.
Although the translation of ASR output is improved using the suggested scheme, there is still room to improve. In future work, we would like to improve performance of disfluency detection for ASR output by including acoustic features in the model.
